demands that change the traditional demand profiles and RES are characterized by their high variability. This paper presents a new multistage distribution expansion planning model where investments in distribution network assets, RES, ESS, and EV charging stations are jointly considered. The charging demand necessary for EV transportation is performed using a vehicle model based on travel patterns. The variability associated with RES along with the demand requires the incorporation of uncertainty, which is characterized through a set of scenarios. These scenarios are generated by the k-means++ clustering technique that allows keeping the correlation in the information of the uncertainty sources. The resulting stochastic program is driven by the minimization of the present value of the total expected cost including investment, maintenance, production, losses, and non-supplied energy. The associated scenario-based deterministic equivalent is formulated as a mixed-integer linear program, which can be solved by commercial software. Numerical results are presented for an illustrative 54-node test system. Index Terms-Clustering technique, distribution system expansion planning (DSEP), ESS, EV charging demand, renewable energy.
F
UTURE decisions in DSEP models should consider the optimal location and sizing of EVCS, ESS and renewable DG. Their inappropriate location could have negative effects on the distribution system increasing power losses and degrading voltage profiles at some nodes [1] . Recently, EV have aroused extensive attention due to the growing concerns in greenhouse gas emissions. More and more, EV will be integrated in electrical power systems through charging facilities. This would generate a significant charging demand with uncertainties that along with the uncertainties arising from renewable energy may create an important challenge to new distribution systems. In order to deal with this problem, the estimation of the additional EV demand has to be done by using a vehicle decision algorithm considering EV travel data based on some assumptions on when EV need to be charged. Moreover, the value of ESS relies on the existence of additional capacity to the grid, which represents an important issue to the increasing penetration of renewable energy and EV charging demand, while reducing generation costs.
Traditionally, multistage distribution planning models have been used to optimize generation investment meeting the growing demand in a centralized framework. In a more recent context, where renewable energy is increasing, uncertainty has to be considered in the model. Hence, one of the key aspects related to investment decisions is to represent the uncertainty and the correlation of the stochastic data information (load, wind speed, solar irradiation, cost of the energy at the substation and EV charging demand). A clustering technique, the k-means++ algorithm, is used to arrange data in groups according to their similarities, reducing the historical data into a large enough set of clusters and maintaining the correlation of the initial data. A detailed representation of the whole model is presented in the following sections.
This work stresses the importance of integrating ESS in distribution and generation system expansion planning given that medium-voltage EVCS should be appropriately located and sized in order to minimize the present value of the overall generation and distribution costs.
B. Literature Review
In the last few years, some models have been developed in distribution system planning within a centralized framework. Conventional planning models have solved the optimal expansion of distribution assets with the replacement and addition of feeders, the reinforcement of existing substations and the construction of new substations [2] . In [3] , a review of the state-of-art of DSEP is presented. The increasing penetration of DG, run on renewable energy, requires its incorporation in distribution planning models to decide its location and timing [4] - [7] . Additionally, the uncertainty related to the unpredictability of the RES is commonly considered. In [4] the uncertainties in demand and DG are represented based on the theory of multiple scenarios running a genetic algorithm. In [5] , the uncertainty related to load and electricity price is modeled through Monte Carlo simulation. In [6] , a scenariobased stochastic programming framework is used to minimize the present value of the expected investment and operational cost in DSEP under correlated uncertainty based on duration curves. Similarly, in [7] , demand response and ESS are also included in the distribution and generation expansion planning.
Other works have studied the operational planning of ESS. In [8] , the concept of system states as opposed to load level duration curves (as in [6] and [7] ) is introduced, allowing for a better incorporation of chronological information. In [9] , the optimal operation planning of batteries in distribution networks is performed by metaheuristic methods using probabilistic variation of the inputs with the point estimation method for optimal planning of batteries. In [10] , a multistage expansion planning model for replacing and adding circuits is performed, in which typical daily scenarios are assessed for the hourly economic dispatch of the ESS. Some works include the existence of EV loads in the joint distribution, generation and ESS expansion planning without including the installation cost in EVCS. In [11] , a non-parametric chance-constrained optimization to invest in ESS units is proposed, in which the uncertainties of DG and EV, were considered using the probability density function. In [12] , a multi-objective optimal planning of battery energy storage and DG units in an active distribution network is presented, in which the power profile of the EV was modeled by fuzzy values.
Recently, more attention has been paid to the optimal planning of EVCS. In [13] , the optimal planning of EVCS in distribution systems is developed with the minimization of total costs. In [14] , a multi-objective mixed integer nonlinear programming planning model is proposed for the new and replaced distribution network assets, EVCS and losses. In [15] a multi-objective planning model of a distribution network containing DG and EVCS is implemented. A scenario expansion planning for distribution systems is proposed in [16] considering the integration of EV, with dumb charging and coordinated charging modes.
In contrast to [10] - [12] , our paper considers the investment decisions in EVCS. Additionally, different from [13] - [15] , our paper jointly incorporates the expansion planning decision model of the network, DG (both wind and PV) and ESS investments. In [7] , the goal is to maximize the net social benefit of the system being represented by the present value of the total payment of the consumers minus the present value of the total costs. In our paper, the objective is also different, as we are minimizing the total costs of expansion planning with the interaction of ESS and EV. Furthermore, in [7] the approach is different due to introduction of demand response related with the management of the active demand. Unlike [6] and [7] , the scenarios are obtained using a clustering technique while also including the uncertainty associated with the cost of the energy purchased at the substation. This technique is better suited than the duration curves applied in [7] . Likewise, as said in [19] , the k-means++ technique allows representing the operating conditions comparatively with greater accuracy. Table I summarizes the contents of the state-of-art in comparison with our work. Note that, as described in the literature review, some works already consider the existence of ESS, EV and RES without focusing on the corresponding investment decisions.
C. Paper Contributions and Organization
The main contributions of this paper are:
• The model includes the expansion planning of the distribution system including new and replacement feeders, new substations, additional transformers, RES, ESS, EVCS and additional capacity in the stations, simultaneously. The combination of the investment decisions of all these assets has not been presented yet.
• The prospective model stresses the relevance of integrating ESS in investment models under the increasing penetration of RES and the upcoming integration of EV under uncertainty. The main goal of this paper it is to show and analyze the interaction between ESS and EV.
• A scenario-based stochastic programming model is used to take into account the uncertainty of demand, the cost of the energy purchased at the substation, wind power, PV and EV charging demand.
• The associated deterministic equivalent is formulated as a mixed-integer linear programming model suitable for commercially available software. The rest of the paper is organized as follows. The methodology to model EV charging demand and scenarios are presented in Section II. In Section III, the stochastic programming model for cost minimization is formulated. In Section IV, the case study and the results are reported. Finally, conclusions are drawn in Section V.
II. METHODOLOGY
In this section, we describe how to estimate the additional EV demand that needs to be considered in the optimal expansion planning of the whole system and the k-means++ clustering technique used to characterize the uncertain nature of the inputs and their correlation.
A. Modeling for EV Charging Demand
The increasing number of EV connected for charging has a significant impact on several power system parameters, such as generation capacity, transformer loading level, line congestion level and load profile. Therefore, the expected increasing penetration of EV calls for the estimation of the additional demand.
We propose a method based on realistic vehicle statistics extracted from the 2009 (U.S.) National Highway Travel Survey (NHTS) data [17] to calculate the total charging demand for all EV. This survey includes data of each household, type of vehicle, trip distance, start and end time, month, day of the week, trip purpose and the location (city in the U.S.) where these trips take place. A trip is the journey done by a vehicle when it goes from the driver's home to his/her workplace, or a commercial area, and vice versa. Due to the lack of data of EV travel patterns, we assume them to be the same as the traditional fossil-fueled ones.
To estimate the charging demand for EV, a vehicle decision model has been implemented in MATLAB [18] as presented in Fig. 1 . First, we exclude the trips with mileage greater than the maximum mileage driven using electricity. The proposed methodology comprises six steps that are described as follows:
1) For each vehicle v, a battery capacity is assigned randomly (24 kWh, 30 kWh, 36 kWh). We assume that all EV are fully charged at the beginning of the first trip. 2) For each vehicle v, month m and day d, a trip T is assigned. 3) The model checks the state of charge (SOC) of the battery when the vehicle finishes trip T. 4) If the SOC does not reach the minimum (20% of the battery capacity), the algorithm looks for the next trip of the data set computing and updating the charging demand. 5) If the SOC reaches the minimum it is assumed that the vehicle charges its battery prior to that trip T in the interval of time (between trip T-1 and T) that vehicle v is stopped. Then, the SOC of the battery is checked again. In case the minimum is still reached the trip is excluded and the algorithm looks for the next trip. 6) After the last trip the algorithm iteratively runs along days, months and vehicles. The charging time depends on three factors: battery capacity, SOC and power level of the charger. We consider a normal power supply of 3.3 kW at the EVCS. Hence, the total EV charging demand for all the vehicles is computed per hour, day, month and time stage (year) for the entire system as the final result of Fig. 1 .
B. Uncertainty: K-Means++ Method
The incorporation of renewable DG and EVCS in the multistage expansion planning of distribution systems yields new sources of uncertainty associated with the variability of RES and EV charging demand. Such uncertainty sources along with the conventional uncertainty associated with demand and the cost of energy purchased at the substation are considered. To that end, the variability of load demand, EV charging demand, wind speed, solar irradiation and cost of energy at the substation is characterized through a scenario-based stochastic programming framework. The set of scenarios is built on historical hourly data through the clustering technique shown in [19] , allowing to keep the correlation among the initial uncertain data as in [20] .
In this paper we use the k-means++ algorithm from MATLAB [18] due to its simplicity and good performance. K-means clustering is based on computational geometry. The goal is to arrange the data into groups according to their similarities. A certain number of centers (centroids) are chosen in order to reduce the initial data based on the mathematics: minimizing the total squared distance between each point and its closest center. In this way, the parameters of the initial point are correlated to the values of its closest center.
With the purpose of minimizing the loss of information of the sequence between hours, the historical data is split into quarters (winter, spring, summer and autumn) as it is needed for representing the transition function of the ESS. The k-means++ algorithm is applied 8 times, for each quarter (winter, spring, summer and autumn) and day/night block, so there are 4 quarters and 2 day/night blocks. Finally, the set of scenarios at each stage is represented by a matrix of 96 operating conditions (12 clusters per quarter and block × 4 quarters × 2 blocks) × 5 uncertain parameters. In this matrix, each operating condition includes 5 uncertain parameters: load, EV demand, wind speed, solar irradiation and cost of the energy purchased at the substation.
The k-means methodology uses an iterative algorithm. In this paper, specifically, we have used k-means++ implemented in MATLAB R2016b. In data mining, k-means++ is an algorithm to choose the initial values (or "seeds") of the k-means clustering algorithm. This algorithm improves the initialization of the centroids before starting the standard k-means, guaranteeing a faster and better solution [21] .
The algorithm works as follows:
Step 1) Select the number of required clusters K, according to the needs of the problem. This number should encompass a good representation of the operating conditions of the system.
Step 2) Take one centroid, chosen uniformly at random from initial data set (x). D(x) denotes the shortest distance from a data point to the closest center, which has been already chosen.
Step 3) Take a new centroid, c i , choosing x with probability
Step 4) Repeat step 3 until there are K centers altogether.
Step 5) Compute the distances between each data point and each cluster centroid based on the use of Euclidean distances.
Step 6) Assign each point of the data to the closest centroid based on the use of Euclidean distances.
Step 7) Recalculate the cluster centroids, c i ,to be the center of mass of all points in C i equal to:
Steps 5-7 are performed iteratively until the cluster compositions do not vary between two consecutive iterations. The cluster centroids (the matrix of 96 values x 5 parameters) are the output of this algorithm as well as the number of observations assigned to each cluster. The observations are hourly historical data. Each cluster centroid is represented by the values of the cost of the energy purchased at the substation, wind speed, solar irradiation, load and EV charging demand, which show a system operating condition. For each day/night block b and quarter q, the probability of each scenario is determined by the number of observations within each cluster divided by the total number of observations of the corresponding block b and quarter q.
III. PROBLEM FORMULATION
In the multistage expansion planning model, a scenariobased stochastic programming is used to minimize the present value of the expected total cost of the distribution network from a centralized framework viewpoint. The proposed model is built on an associated scenario-based deterministic equivalent formulated as a MILP in which i) the planning horizon is divided into T stages of known duration, ii) radial operation is explicitly imposed, iii) an approximate network model is used, iv) several investment alternatives exist for each asset, and v) a perpetual planning horizon is considered for the operating costs.
A. Objective Function
The model minimizes the present value of the total expected cost:
where: 
The objective function (1) contains three terms. The first one corresponds to the present worth value of the investment cost under the assumption of a perpetual or infinite planning horizon [22] . That is, the investment cost is amortized annually throughout the lifetime of the assets, considering that after their lifetime has expired there is a reinvestment in an identical equipment. The second term is the present value of the operating costs throughout the time stages. Lastly, the third term shows the present value of the operating costs incurred after the last time stage assuming a perpetual planning.
The total cost (1) comprises five different costs, namely investment cost (2), maintenance cost (3), production cost (4), cost of energy losses (5), and unserved energy costs (6) 
B. Constraints
Firstly, the constraints related with the technical operation of the system such as Kirchhoff Laws and operational limits are formulated. In (7) the nodal current flow balance equation is stated. In (8) the Kirchhoff Voltage Law for all feeders is represented. Note this constraint includes nonlinearities which are recast as linear expressions as provided in [6, Sec. III.E]. Constraint (9) sets the bounds on the magnitudes of nodal voltages. In (10)- (13), the upper and lower limits on the current flow and generation power are represented. In (14) , the level of penetration of DG is limited as a fraction ε of the load and charging demand. 
The power supplied or stored by an ESS unit is bounded between the lower and upper capacity values, (15)-(16). When the ESS unit is used, to avoid simultaneous production and storage, two binary variables are defined in (17) .
The utilization and investment constraints follow, in which a maximum of one reinforcement, replacement or addition is allowed for each system asset and location along the planning horizon, (18)-(23). In (24)- (25), new transformers can be added at substations as well as additional capacity in the EVCS, only if they have been built in any previous stage.
As seen in [6] and [7] , we consider radial operation and meshed topologies. Equations (26)-(28) model the utilization of existing and new feeders indicating the direction of the current flows. Equation (28) model the utilization of the existing replaceable feeders while explicitly characterizing the direction of the current flows. These feeders can undergo replacement so that their utilization is subject to the installation of new replacement feeders, x NRF ijkt . Therefore, if an existing replaceable feeder is replaced by a new replacement feeder, i.e., x NRF ijkt = 1; the utilization of such existing replaceable feeder is disable with constraint (28).
The utilization of new transformers, installed generators, ESS, EV and EVCS are defined in (26)-(32).
In (33), the total investment cost at each stage is limited by a maximum budget. 
In addition, in order to have a radial operation, equation (34) sets load nodes to have one input flow. In (35) the rest of the nodes are limited by a maximum of one input flow. Constraints (36)-(43) avoid isolated generators by modeling a fictitious system with fictitious demands as done in [6] .
whereD it is defined as follows:
In the case of considering that future networks had bidirectional flows and meshed operation were allowed, equations (34)-(35) should be deleted. However, when considering bidirectional flows and radial operation, equations (34)-(35) of the proposed paper should be replaced with equations (13)-(17) from [23] . These five equations should be adapted to the proposed multistage expansion planning model. Equations (34)-(35) impose the radiality condition per node, while equations (13)- (17) from [23] impose a general radiality condition for the whole network, where upstream flows are allowed.
ESS are good alternatives to integrate large amounts of intermittent renewable energy and improve network reliability because they are more efficient economically and avoid network oversizing. In medium-and long-term planning models, data has to be arranged in scenarios where chronological information is missing, the same as the transition function between hours. Similar to [7] , we propose a representation 
In this context, for each quarter q, the energy can be exchanged (in some scenarios, the ESS produces or stores energy) between operating conditions of the same block b (day or night) and between day and night blocks. This can be seen in Fig. 2 , in which there are 12 operating conditions in each block and the sum of the energy produced and stored by the ESS is equal to 0. Thus, in some operating conditions the demand increases and in other decreases. Note that each operating condition has a different duration with its corresponding scenario probability.
As mentioned in Section II-A, the additional demand needed for EV in the distribution network, dem CH tbω , is calculated previously. Equation (45) satisfies the EVCS capacity limits of the charging demand required at the location nodes. Finally, in (46), the sum of the charging demands at all nodes where the EVCS is installed should satisfy the total EV demand needed for the whole system.
IV. NUMERICAL RESULTS
To assess the behavior of the proposed model, a 54-node network is considered with 4 substation nodes, 50 load nodes 
A. Results Without ESS and EV Charging Demand
In Fig. 4 the DSEP is shown with the corresponding replaced and added branches (including the time stage at which this takes place), RES location and new substations and transformers. Alternative 1 is selected by the model for renewable generation and branches. For the sake of simplicity, this has not been illustrated. This is common among all the cases. It is noticeable that all the candidate branches subject to replacement are replaced at stage 1. In addition, the alternative selected for the new substations is also represented in Fig. 4 . We can observe that transformer 1 (10 MVA of capacity) and 2 (15 MVA of capacity) are required for new substations at nodes 53 and 54, respectively. Table II depicts the stage at which the investment decisions and the node where wind generation, PV generation, new substations are built and the substations are expanded with new transformers. Note that the new substations are required at stages 1 and 2.
It is noticeable the high investment in renewables, in order to reduce the costs related to production and energy losses, as we allow a 40% penetration of DG and ESS. In Table III , the numerical disaggregated costs are presented, where the highest investment cost is at stage 4 corresponding to the construction of 3 wind units and 3 PV units as seen in Table II .
B. Results With EV Charging Demand
The topology in this situation, including also the EVCS, is shown in Figure 5 . We can see that it has also changed slightly. Branch 1-9 (from node 1 to node 9) is replaced at stage 3. The other replacement candidate branches, as in case A, are replaced at stage 1.
In Tables IV both the T1   T1   T1   T1  T1   T1   T1  T1   T1   T1   T1   T1   T1  T1   T2   T2   T2   T2  T2   T3   T3  T3   T3  T3   T3  T3  T3   T3   T3   T3   T3   T3   T3   T4   T4   T4   T4  T4   T4   T5   T5 the substation at node 53 delays its investment to stage 3. In addition to the increase in the total demand in the system, additional transformers are needed for the existing substations Table V that every cost is higher than in case A, as expected. Furthermore, PV investment is slightly accelerated and more transformers are needed in comparison to case A resulting a high investment cost at stage 3.
C. Results With ESS and EV Charging Demand
In this situation we add the possibility to invest in ESS units. The network configuration and new location of the assets is illustrated in Fig. 6 .
In Table VI , the locations and stages are presented. The renewable investment decision is similar to case B. Note that more ESS units are required at stage 5. The first alternative of the ESS is chosen for all the nodes in which there is a decision to invest in this technology. Moreover, no additional transformer is required in this case. The EVCS investment decision has changed in some stages compared to the previous case. Now, all the EVCS provided by the model are built with alternative 1 (3 MVA of capacity). However, at stage 5, the expansion in the EVCS located at nodes 11 and 21 takes place using alternative 2 only (0.75 MVA of capacity), being the same alternative provided by the model as in case B.
The costs are presented in Table VII . The energy purchased and energy losses costs are reduced due to existence of ESS. The overall cost is reduced by 3.8% considering the possibility to invest in storage technologies in comparison to case B. The existence of EV charging demand in the system stresses the importance of investing in this storage units.
The interaction of ESS with EV accelerates the investment in wind and the construction of a new substation. On the other hand, the investment in ESS avoids and defers the investment in new transformers in the existing substations. The effect of the ESS with EV is that the production and energy loss costs decrease, enhancing the total cost for the planner. The main conclusion is that integrating EV in the distribution system makes the investment in ESS more profitable. A sensitivity analysis has been performed with different values of the charging rate of the ESS, as shown in Fig. 7 and different penetration levels of DG with two different situations of the number of candidate buses for the placement of the assets investment, as seen in Fig. 8 . Note that a less restrictive charging rate decreases the total investment and operational cost. Besides, the total cost of investment and operational costs decreases as the level of penetration in DG and the number of candidate buses for assets' placement increases.
Finally, in order to demonstrate and justify the effectiveness of using 96 operating conditions we have simulated other cases with different number of operating conditions for case study C, as seen in Table VIII . Table VIII shows that the absolute value of the difference of the total cost with 24, 48, 192, 288, 384 and 480 scenarios minus the total cost of with 96 scenarios (base-case) decreases when selecting more scenarios.
V. CONCLUSIONS
In this paper, we have presented a MILP model to address the incorporation of investment decisions in recent elements, as EV and ESS, which will have an important impact in the planning and expansion of future distribution networks.
We have proposed a clustering technique in order to correlate uncertain inputs associated to the stochastic nature of the problem. The scenarios are used in a decision making problem which determines the location of the facilities. Moreover, the EV charging demand has been modeled through a novel EV algorithm. The proposed methodology has been validated with a 54-node network.
We have shown how ESS can contribute to integrate renewable generation and EV charging demand in the coordinated expansion planning of a distribution network minimizing investment and operational costs, avoiding the need to expand the existing substations. Increasing the demand while reducing the energy costs outlines the potential of the combination of EVCS and ESS in distribution networks with a high penetration of renewables.
Future work will consider the possibility that EV can inject power into the network when they are not in use. In addition, more generation technologies will be added to the model.
